Economists have identified product entry and exit as a primary channel through which innovation impacts economic growth. In this paper, we document how high-skill immigration affects product reallocation (entry and exit) at the firm level. Using data on H-1B Labor Condition Applications (LCAs) matched to retail scanner data on products and Compustat data on firm characteristics, we find that H-1B certification is associated with higher product reallocation and revenue growth. A ten percent increase in the share of H-1B workers is associated with a two percent increase in product reallocation rates -our measure of innovation. These results shed light on the economic consequences of innovation by high-skill immigrant to the United States. JEL Classification Numbers: D22, D24, F22
Introduction
ingful impact on such innovation, and this has implications not only for firm profits but also for consumer welfare. For instance, hiring more engineers and programmers from abroad, at perhaps a lower cost, allow firms to implement incremental innovations that may lead to newer products on the market. In this paper we fill this gap by studying the impact of H-1B worker applications, on firm-level product reallocation, defined broadly as the entry of new products and the exit of outdated products.
We create a new data set by combining data on H-1B worker applications and 1 firm production. Our H-1B data consists of publicly-available Labor Condition Applications (LCAs). 1 Our product level data from the Nielsen Retail Scanner Data is combined with firm characteristics from the Compustat database. Together, a combination of these datasets at the firm-by-year level between 2006 and 2015 allows us to comprehensively examine the impact of wishing to hire foreign workers on firm production and innovation.
Our analysis consists of a few different methods. We first describe the entry and exit of products over the business cycle and across a firm's baseline propensity to hire H-1B workers. 2 We find that product reallocation falls precipitously in times of recession and rises in periods of economic recovery. Moreover, product reallocation is strongly associated with the baseline propensity to hire H-1B workers: firms that applied for H-1B workers in the first year of our LCA data are more likely to consistently have high product reallocation rates over the business cycle. Indeed, this association is invariant to a firm's R&D expenditure, size, or revenue share. R&D expenditures and revenues are no longer strong determinants of product entry and exit after accounting for baseline propensities to hire H-1B workers.
We then use panel regressions, where we account for firm level characteristics that are stable over time and for shocks that affect the economy widely with the help of fixed effects. Our preferred specifications look at outcomes in the following period as they are less likely to be affected by contemporaneous shocks, and we would expect that firm dynamics change with a lag. We show that an increase in product reallocation is strongly associated with higher firm revenue growth.
We find that the number of LCAs, the number of certified workers, and number of workers as a fraction of the total firm employment base, is strongly associated with reallocation rates. 3 A one percentage point increase in the share of workers from certified LCAs is associated with a five percentage point increase in the reallocation rate. This association is stronger for software workers than other occupation groups.
In a distributed lead and lag set up, we also see that even as future H-1B certification does not affect current reallocation rates, current H-1B certification does affect future reallocation rates.
Our results speak to the innovative capacity of the firm by focusing on product reallocation, which is found to be highly correlated with firm growth and productivity (Argente, Lee and Moreira, 2018b) . Previous work on high-skill immigrants and innovation focus on patenting activity (Kerr and Lincoln, 2010; Hunt and Gauthier-Loiselle, 2010; Moser, Voena and Waldinger, 2014) . The propensity to patent may be affected by rulings of the Federal Court of Appeals, the firm's industry and products, and changes in state polices and taxes (Lerner and Seru, 2018) . Indeed, many important innovations are never patented (Fontana, Nuvolari, Shimizu and Vezzulli, 2013) . While patents may be a good measure of newer production processes and inputs into production, our measure of innovation captures the final products produced by firms. The major advantage of a product reallocation measure is that it captures incremental innovations that are not usually patented. Previous work using patent data might have underestimated the benefits of having additional high-skilled immigrant workers by not being able to capture these incremental innovations.
Such changes affect not just firms, but also consumers. Changes in a firm's production portfolio are strongly linked to a firm's revenue generation ability and profitability. In concurrent work, we examine how changes in consumer goods products affect the welfare of US consumers (Khanna and Lee, 2018) . Together these results have striking implications for the overall consequences of H-1B migration on the US economy.
Our paper is organized into five sections. In Section 2 we provide a background on the H-1B program and how that may relate to innovation and product reallocation.
In Section 3 we describe the data that we use and how we combine our datasets. Our primary analysis is in Section 4 where we first describe trends over the business cycle, the association between reallocation rates and revenue growth, and then between H-1Bs and product reallocation. Section 5 concludes.
Background

The H-1B Program
The Immigration Act of 1990 established the H-1B visa program for temporary workers in "specialty occupations" with a college degree. 4 In order to hire a foreigner on an H-1B visa, a firm must first file a Labor Condition Application (LCA) to the Department of Labor (DOL), and pay them the greater of the actual compensation 4 Specialty occupations are defined as requiring theoretical and practical application of a body of highly specialized knowledge in a field of human endeavor including, but not limited to, architecture, engineering, mathematics, physical sciences, social sciences, medicine and health, education, law, accounting, business specialties, theology, and the arts.
paid to other employees in the same job or the prevailing compensation for that occupation.
After which, the H-1B prospective must demonstrate to the US Citizenship and Immigration Services Bureau (USCIS) in the Department of Homeland Security (DHS) that they have the requisite amount of education and work experience for the posted positions. 5 USCIS then may approve the petitions, up to the annual cap.
Approved H-1Bs are for a period up to three years, which can be extended up to six years. Once the H-1B expires, employers can sponsor a green card and each country is eligible for only a specific number of those. The U.S. General Accounting Office 2011 survey estimates the legal and administrative costs associated with each H-1B hire to range from 2.3 to 7.5 thousand dollars. It therefore seems reasonable to assume that employers must expect some cost or productivity advantage when hiring high-skill immigrants.
In the early years, the H-1B cap of 65,000 new visas was never reached, but by the time the IT boom was starting in the mid-1990s, the cap started binding and the allocation was filled on a first come, first served basis. The cap was raised to 115,000 in 1999 and to 195,000 for 2000-2003 , and then reverted back to 65,000 thereafter. The 2000 legislation that raised the cap also excluded universities and non-profit research facilities from it, and a 2004 change added an extra 20,000 visas for foreigners who received a masters degree in the US. Renewals of visas up to the six-year limit are not subject to the cap, and neither are employment at an institution 5 Workers may be educated in the US. The National Survey of College Graduates (NSCG) shows that 55% of foreigners working in CS fields in 2003 arrived in the US on a temporary working (H-1B) or a student type visa (F-1, J-1).
of higher education or a non-profit or governmental research organization.
When the cap is reached, USCIS conducts a lottery to determine who receives an H-1B visa. For instance, in the the 2014 fiscal year, USCIS received approximately 124 thousand petitions in the first five days of open applications for 85 thousand visas.
A computer generated lottery first determines the visas for petitions of applicants who received a masters degree in the US (a quota of 20 thousand visas), and then the remaining 65 thousand visas are granted. Those not selected in the lottery may file again the next year. Those who are selected will eventually also receive an I-129 form from USCIS. Such workers may be in-house programmers, but also scientists, mathematicians and engineers.
The Impact of High Skill Immigrants on the US
Work by economists on the impacts of the H-1B program are mostly focused on the wages and employment of native born workers. Some argue that employers find hiring foreign high-skilled labor an attractive alternative and that such hiring either "crowds out" natives from jobs or puts downward pressure on their wages (Doran, Gelber and Isen, 2017) . Given the excess supply of highly qualified foreigners willing to work, and given the difficulty in portability of the H-1B visa, immigrant workers may not be in a position to search for higher wages, allowing firms to undercut and replace US workers (Matloff, 2003; Kirkegaard, 2005) . On the other hand, negative wage effects may be muted as native workers switch into complementary tasks (Peri and Sparber, 2009 ). Importantly, immigrants may affect the innovative capacity of the firm. Kerr and Lincoln (2010) and Hunt and Gauthier-Loiselle (2010) provide evidence on the link between variation in immigrant flows and innovation measured by patenting, suggesting that the net impact of immigration is positive rather than simply substituting for native employment. Kerr and Lincoln (2010) also show that variation in immigrant flows at the local level related to changes in H-1B flows do not appear to adversely impact native employment and have a small, statistically insignificant effect on their wages. Indeed, in other research it is evident that changes in the size of the STEM workforce at the city-level may raise wages for US born workers (Peri, Shih and Sparber, 2015) .
Even though much of the theoretical analysis underlying studies of immigration are about firms, a large fraction of the literature focuses on variation across states or metro areas. 6 Yet, for high-skilled migrants sponsored by firms in specialty occupations we may expect that effects on receiving firms will be rather different from the impacts on the larger labor market. Kerr and Lincoln (2010) and Kerr, Kerr and Lincoln (2015) are among the first to focus on the firm, and more recently working papers using publicly traded firms (Mayda, Ortega, Peri, Shih and Sparber, 2018) or administrative tax data (Doran, Gelber and Isen, 2017) look at employment outcomes for native workers and the patenting propensity of the firm.
Yet, focusing on either the labor market or innovative capacity may miss overall productivity changes in the US economy. Bound, Khanna and Morales (2016) and Khanna and Morales (2018) take a different approach and set up a general equilibrium model of the US economy. Doing so allows them to conduct a comprehensive welfare analysis and study the distributional implications of the H-1B program. Importantly, by modeling the firms' decisions, including the spillovers from technological innovation, they find that even though US computer scientists are hurt by immigration, complements in production, consumers and firm entrepreneurs benefit substantially.
Innovation and Product Reallocation
Work on high-skill immigrants and innovation often focuses on patenting activity (Kerr and Lincoln, 2010; Hunt and Gauthier-Loiselle, 2010; Moser, Voena and Waldinger, 2014) . Such pioneering work highlighted the importance of immigrants in innovation. While patents are a rich measure, they capture a specific type of innovation. While patents may capture larger significant innovations, product reallocation often captures incremental innovation that are rarely patented.
Certain features of patent data make it important to study alternative measures of innovation as well. First, immigration status is not directly observed in the patenting data and often ethnicity needs to be inferred by the name, and one needs to compare traditionally Indian or Chinese names to more Anglo-Saxon or European names. Second, changes to patenting over time may be a result of changes in intel-lectual property laws (like the Computer Software Protection Act of 1980 and the Semiconductor Chip Protection Act of 1984), and rulings of the Court of Appeals for the Federal Circuit, rather than actual innovation. Furthermore, there are gaps when a patent is filed and when it is granted, and any contemporary analysis like ours, would need to limit ourselves to filing information and ignore granting-status or citations to avoid issues with truncation.
The propensity to patent and cite innovations also vary widely across types of products and industries. Some patents are heavily cited due to their industry rather than "fundamental innovativeness" (Lerner and Seru, 2018) . Indeed, a relatively low number of important innovations may ever be patented. 7 Lastly, patenting propensities may differ across regions due to changes in state intellectual property policies and taxes, or differences in industrial composition across regions, and analyses that use cross state and city variation need to account for such changes.
To complement the literature using patenting data, we investigate an alternative measure of innovation. For decades, economists have identified product entry and exit as one of the key mechanisms through which product innovation translates into economic growth (Aghion and Howitt, 1992; Grossman and Helpman, 1991) .
In the consumer goods sector, recent developments in point-of-sale systems allow us to investigate barcode-level transactions, and therefore product entry and exit. We calculate firm-level product creation and destruction by identifying manufacturers of each barcode-level product and aggregating transactions from about 35,000 stores in the United States. Following the idea of creative destruction where new and better varieties replace obsolete ones, we define firm-level product reallocation as the sum of firm-level product creation and destruction. Most product reallocation is driven by surviving incumbent firms that add or drop products in their portfolios. The speed of product reallocation is strongly related to the innovation efforts of firms and several innovation outputs such as revenue growth, improvements in product quality, and productivity growth (Argente, Lee and Moreira, 2018b). The major advantage of product reallocation as a measure of innovation outcomes is that it captures incremental innovation that are not usually patented. Under the presence of incremental innovations, previous work only with patent data might have underestimated the benefits of having additional high-skilled immigrant workers.
Data
We combine data at the firm-by-year level from multiple sources. We first obtain publicly available H-1B data on Labor Condition Applications (LCAs) between 2000 and 2016. We merge this H-1B data to firm-level data from the Nielsen Retail Scanner Data (2006 to 2015) that provides us with information on products produced at the firm level, and also Compustat firm level characteristics for a subset of large publicly listed firms.
Data on High-skill Immigration
Data on H-1B visas come from the publicly available list of 2000-16 Labor Condition Applications (LCAs) which firms file with the US Department of Labor (DOL) when they wish to hire a foreign high-skill worker. Attached to each LCA is an employer name, address (including city, zip code and state), work start date and end date, occupation and job title, and number of workers requested. The LCA database also documents whether the application was denied, withdrawn or certified. For our analysis we only use certified applications, and count the "certified workers" as the number of workers on certified LCAs. We aggregate this LCA-level data to the firmby-year level, counting not just the number of LCAs and workers, but also the types of workers for broad occupational categories. These categories, in descending order of prevalence are: (1) software workers (including computer programmers, software engineers and software developers), (2) Scientists / Mathematicians / Statisticians and Engineers (including electrical and mechanical engineers), (3) managers (and administrators), (4) those working in finance or marketing. Together, these categories account for more than 90% of all LCAs in each year of our data.
Due to the H-1B caps, not all certified LCAs lead to actual H-1B hires. However, since they are necessary for approved H-1Bs, these LCAs measure the firms' desire to hire H-1Bs and therefore are likely to be highly correlated with actual H-1Bs. Since our analysis is only for for-profit firms that produce consumer goods, none of the H-1B LCAs we eventually match to our products dataset are cap exempt. Importantly, our data set should not be thought of as being representative of H-1B firms. Instead, it is only representative of consumer goods producing firms. Since about 2011 there 11 has been an increase in outsourcing firms grabbing the majority of H-1B visas, and filing a lot of LCAs -yet such firms are not a part of our sample, and not the focus of our analysis.
With the help of these data we compute a few important variables: (1) 
Data on Products
For data on products, we use the Nielsen Retail Scanner Data provided by the Kilts Center for Marketing at the University of Chicago. Each individual store reports weekly prices and quantities of every UPC (Universal Product Code) that had any sales during that week. The data is generated by point-of-sale systems and contains approximately 35,000 distinct stores from 90 retail chains across 371 MSAs and 2,500 counties between January 2006 and December 2015. The data is organized into 1,070 detailed product modules, aggregated into 114 product groups that are then grouped into 10 major departments. 8 Table 1 summarizes basic facts on the data.
Our data set combines all sales of products at the national and annual level. As in Broda and Weinstein (2010) ; Argente and Lee (2016), we use UPC (Universal Product Code) as the level of analysis. A critical part of our analysis is the identi-fication of entries and exits, for which we mostly follow Argente, Lee and Moreira (2018a,b) . For each product, we identify the entry and exit periods. We define entry as the first year of sales of a product and exit as the year after we last observe a product being sold.
We link firms and products with information obtained from GS1 US, the single official source of UPCs. In order to obtain a UPC, firms must first obtain a GS1 company prefix. The prefix is a five-to ten-digit number that identifies firms and their products in over 100 countries where the GS1 is present. In Figure 1 we show a few examples of different company prefixes. Although the majority of firms own a single prefix, it is not rare to find that some own several. Small firms, for instance, often obtain a larger prefix first, which is usually cheaper, before expanding and requesting a shorter prefix. Larger firms, on the other hand, usually own several company prefixes due to past mergers and acquisitions. For instance, Procter & Gamble owns the prefixes of firms it acquired such as Old Spice, Folgers, and Gillette.
For consistency, in what follows we perform the analysis at the parent company level.
Given that the GS1 US data contains all of the company prefixes generated in the US, we combine these prefixes with the UPC codes in the Nielsen Retail Scanner Data. Less than 5 percent of the UPCs belong to prefixes not generated in the US.
We were not able to find a firm identifier for those products.
With this data set on products and firms, we can compute how firm-level product creation and destruction evolve over time.
Note that typical firms in the data produce multiple products in several different categories. Over the sample period, about 82.2 percent of revenue has been generated 13 by firms operating in more than one product department. Figure 2 shows that the share of firms in multi-departments has been between 78 and 84 percent from 2006 to 2015, declining a bit during the Great Recession.
Data on Other Firm Characteristics
We obtain other firm-level characteristics from Compustat. The Compustat is a database of financial and market information on global companies throughout the world. For the purpose of this research, we bring information on employment and R&D expenditure over the sample period from the fundamental annual database of North America. This limits the number of firms in analysis, but provides much more detailed information on firms. For instance, with information on the number of employees, we can calculate the share of high-skill immigrant worker applications, instead of just the number of high-skilled migrant applications. Additionally, data on R&D expenditures allow us to test the importance of H-1B workers on product reallocation relative to R&D investments.
Combining Datasets
We merge our data-sets at the firm-by-year level, using a string matching algorithm for firm names. When there is uncertainty in the name matching, we consult city and/or zipcodes. We do not expect matching-error to be correlated with our main variables of interest. For our analysis, we create two different merged samples: (i) the LCA-Nielsen sample, and (ii) the LCA-Nielsen-Compustat sample. Table 2 reports descriptive statistics for all three merged samples. 
Measurement of Creative Destruction
We start with a description of the measures that we use to identify the degree of creative destruction by firms in the product space.
To capture the importance of product entry and exit, we use information on the number of new products and exiting products, and the total number of products for each firm i over year t. We define firm-level entry and exit rates as follows:
where N it , X it , and T it are the numbers of entering products, exiting products, and total products, respectively. The entry rate is defined as the number of new products for each firm i in year t as a share of the total number of products in period t. The exit rate is defined as the number of products for each firm i that exited in year t as a share of the total number of products in year t − 1.
From the idea of creative destruction at the firm level, the overall change in the portfolio of products available to consumers can be captured by the sum of firm-level entry and exit rates. We refer to this concept as the product reallocation rate:
With this measure we can investigate the extent of changes in the status of a product in our data, either from the entry or the exit margin.
Empirical Analysis
Product Reallocation and Firm Outcomes
To understand the importance of product reallocation we first study the association between reallocation and firm revenue growth. This is simply a replication of the result found in Argente, Lee and Moreira (2018b), and theoretically similar to results in Aghion, Akcigit and Howitt (2014) . We test for this association in our sample with the following regression specification:
where ∆Log(Revenue) i,t is growth in the sum of revenue over all products in firm i's portfolio between years t and t−1. µ i are firm fixed effects and τ t are year fixed effects.
With the help of fixed effects, our associations account for firm characteristics that are stable over time, and for annual shocks that affect the entire US economy. Our resulting variation is driven by changes over time within firms. Here and elsewhere, we cluster our standard errors at the firm level.
In Table 3 we study this association. Product reallocation has a strong positive association with firm revenue growth. When we look at product entry and exit separately, once again it is clear that both entry and exit of new products are strongly associated with firm revenue growth, however firm entry has a much stronger association than firm exit. While these associations are not causal, they are suggestive as to how product reallocation is important for firm revenue growth.
Reallocation and Immigration Over the Business Cycle
Our period of study, 2006 to 2016, encapsulates the Great Recession of 2008-10. This is an ideal setting to understand how the business cycle affects product reallocation, and how high-skill migration interacts with this relationship. In much of this subsection we divide firms by whether or not they have a propensity to apply for H-1B workers. Any firm that filed an LCA that was certified in the first year of our LCA data (2000-1) is categorized as a firm that has a propensity to hire H-1B workers. We use the earliest possible year (2000-1) rather than our sample period (2006-15) for our classification, so as to ensure that contemporaneous changes in firm characteristics are not driving much of our analysis. 9 The aim is to capture baseline propensities of the firm that may not be related to differential trends over time in reallocation rates;
perhaps, such as the ability of human resources (HR) departments within a firm to be able to file H-1B paperwork, or connections to employers in countries like India.
In Firms that wished to hire H-1B workers started out with a higher reallocation rate,
were not as adversely affected as non-H-1B prone firms, and unlike non-H-1B prone firms, recovered to their previous reallocation rates by 2015.
In Panels (b) and (c) of Figure 3 , we look at product entry and exit rates. As expected, over the recession, product entry falls and exit rises. H-1B firms have higher entry and exit rates at baseline, however, by the end of the period, non-H-1B prone firms have marginally higher exit rates. The fall in entry over the recession is not as strong for H-1B dependent firms, and the recovery is mildly stronger -by the end of the business cycle H-1B prone firms have much higher entry rates than non-H1B prone firms.
The stark differences between H-1B and non-H-1B firms in product reallocation
may be driven by other factors correlated with H-1B visas. For instance, firms that spend more on R&D, or larger firms in general, may have more H-1B workers and also higher reallocation rates. Additionally, it is important to understand the interaction between H-1B dependency and R&D expenditures. Our analysis in Table 4 and Figure 4 investigates this interaction. Such differences are succinctly captured in Figure 4 which splits up the sample by H-1B propensity and R&D expenditure share. Consistent with the tables, it shows that there is a substantial difference in reallocation rates between high and low H-1B firms. This difference is unaffected by R&D expenditure share, which in and of itself, is less predictive of differences in reallocation rates. Figure 4 suggest that whether or not a firm has a higher propensity to hire H-1B workers is strongly associated with product reallocation rates. This association is somewhat independent of whether or not the firm has high R&D expenditures or is a large firm with high revenues. Indeed, in comparison to the association between H-1B workers and reallocation rates, it seems like R&D expenditures and firm revenues are less strongly associated with high product reallocation.
The Association Between Immigration and Product Reallocation
We first study the association between high-skill immigration and product reallocation graphically in Figure 5 . Here, we plot reallocation rates, entry rates and exit rates across the number of workers on certified LCA applications. Each point is a firm-year observation. There seems to be a mildly positive association between 20 reallocation rates and the number of certified workers. Yet, such analyses may be confounded by firm specific characteristics or annual shocks to the economy. To account for these we perform a fixed effects regression:
where r i,t is the product reallocation rate for firm i in year t and H1B i,t is a measure of new H-1B worker certifications at firm i in year t. Even as we show results with both contemporaneous and next period's outcomes, our preferred specification looks at future reallocation. As proposed in other similar work (Argente, Lee and Moreira, 2018b), future product reallocation is less likely to be affected by contemporaneous shocks, and we expect that changes in firm dynamics occur with a lag. We include both firm µ i and year τ t fixed effects, and cluster errors at the firm level.
Our measures of H1B i,t worker certifications take on a few different forms. We look at the: (1) the number of LCAs filed by a firm each year, (2) the number of workers on certified LCAs each year (called "certified workers"), and (3) the number of workers from certified LCAs in each broad occupational group. We use the LCA-Nielsen sample for such regressions. Additionally, using the LCA-Nielsen-Compustat sample, we can (4) normalize the number of certified workers by total employment in the firm, using Compustat measures of employment. Table 5 reports the coefficients of OLS regressions with the LCA-Nielsen merged sample. We find a strong positive association between the number of applications/ certifications and reallocation rates in both the current and the following year. When we divide certifications into four occupational categories, science / math and engi-neering have the largest effect in magnitude but is imprecisely estimated. Software, is more precisely estimates and has a positive effect, which may be consistent with the type of innovations we capture with reallocation rates. Unlike patent data, we mostly capture incremental innovation, where it is possible that lower costs and a better quality of occupations that perform auxiliary functions may matter more.
Next we normalize our measures by the size of firms. The same number of highskilled immigrants may affect firms differentially by firm size. We now calculate the share of applications/ certifications by normalizing them with the number of employees from Compustat. Table 6 reports the coefficients of OLS regressions with the LCA-Nielsen-Compustat merged sample. Once again we find a positive association between shares of applications/ certifications and reallocation rates. A one percentage point increase in the share of certifications is associated with a five percentage point increase in the reallocation rate. 10
In interpreting these results with caution, we acknowledge that even as the number of H-1B visas granted over time are largely driven by changes to policy, the policy itself may respond to the aggregate demand for H-1Bs. Indeed, IT firms often lobby
Congress to increase the cap as it often binds. As such, we find it important to compare changes across firms conditional on year fixed effects which absorb aggregate changes in the cap. Additionally, our final results below tests for pre-trends in our main outcomes.
The Timing of Effects
To further investigate the timing of effects we use a distributed lead and lag model.
Such a model allows us to check that future H-1B applications do not affect past reallocation rates, and to also study whether our outcomes of interest react contemporaneously or with a lag. While informative, however, these results should be interpreted carefully as we are not necessarily identifying a 'shock' in the number of H-1B applications, which is instead a choice variable for the firm. In the following equation we describe the model:
while we would expect that past H-1B certifications H1B i,t−1 affects re-allocation rates, we can also test to ensure that the number of future H-1B certifications H1B i,t+1 is not correlated with current reallocation rates. In Figure 6 we can see that future H-1B applications do not affect lagged reallocation rates. Furthermore, the main impact on reallocation rates seem to show up with a one-period lag.
Conclusion
In this paper we highlight an important fact: H-1B applications are associated with higher rates of reallocation (entry and exit) of products at firms. Product reallocation is an integral part of Schumpeterian growth, driven by the discarding of older products and the generation of newer products. We complement the literature on patenting (capturing larger innovations) and highlight that smaller, incremental 23 innovations are captured by measures of product reallocation.
At the firm-level we merge data on H-1B Labor Condition Applications with
Nielsen scanner data on products and Compustat data on firm characteristics. We find that H-1B LCAs are strongly associated with product reallocation, which in turn is associated with firm revenue growth.
Our work is consistent with work showing that high-skill migrants are strongly associated with higher patenting activity (Kerr and Lincoln, 2010; Hunt and Gauthier-Loiselle, 2010) . Measures of firm patenting and new product entry should be thought of as complementary, yet capturing different aspects of a firm's innovation ladder.
While patenting may be more associated with newer methods of production and newer inputs into final goods, we study the entry and exit of final goods as and when they show up in the consumer market. Yet, other work that uses variation generated by the H-1B lottery, finds little effect on patenting activity (Doran, Gelber and Isen, 2017) . We find it, therefore, important to study alternative measures of firm innovativeness to get a comprehensive picture of firm dynamics.
Importantly, as we look at consumer goods, we may expect that such activity affects consumer welfare as well. In Khanna and Lee (2018) we study how prices and the variety of products in the consumer goods market changes, as firms introduce newer products and produce older products more efficiently when they wish to hire H-1B workers. 11 Such changes affect the welfare of consumers and alter quantitative estimates of the overall impacts of high-skill immigration on the US economy. The table reports the coefficients of OLS regressions with LCA-Nielsen merged sample. The dependent variable is the product reallocation rates this and next year. Reallocation rates range from 0 to 200. The product reallocation rate is defined as the product entry rate plus the product exit rate at the firm level as defined in the main text. The number of applications is the number of LCAs filed by a firm. The number of certifications is the number of workers on LCAs that were certified. The occupation composition is the number of workers in each occupation from LCAs that were certified. Standard errors are clustered at the firm level and presented in parentheses. ***, **, and * represent statistical significance at 1%, 5%, and 10% levels, respectively. The table reports the coefficients of OLS regressions with LCA-Nielsen-Compustat merged sample. The dependent variable is the product reallocation rates this and next year. Reallocation rates range from 0 to 2. The product reallocation rate is defined as the product entry rate plus the product exit rate at the firm level as defined in the main text. The share of applications is the number of LCAs filed by a firm divided by the total employment base in Compustat. The share of certifications is the number of workers on LCAs that were certified divided by the total employment base in Compustat. The occupation composition is the number of workers in each occupation from LCAs that were certified divided by the total employment base in Compustat. Standard errors are clustered at the firm level and presented in parentheses. ***, **, and * represent statistical significance at 1%, 5%, and 10% levels, respectively. 
